Streamflow variability in space and time critically affects anthropic water uses and ecosystem services. Unfortunately, spatiotemporal patterns of flow regimes are often unknown, as discharge measurements are usually recorded at a limited number of hydrometric stations unevenly distributed along river networks. Advances in understanding the physical processes that control the spatial patterns of river flows are therefore necessary to predict water availability at ungauged locations or to extrapolate pointwise streamflow observations. This work explores the use of the spatial correlation of river flows as a metric to quantify the similarity between hydrological responses of two catchments. Following a stochastic framework, 340,000 cross-correlations between pairs of daily streamflows time series are predicted at a seasonal timescale across the contiguous United States using 413 catchments of the MOPEX dataset.
INTRODUCTION
Streamflow dynamics and their spatial patters along hydrographic networks critically affect anthropogenic water uses and ecosystem services worldwide (Hurford & Harou, 2014; Lazzaro, Soulsby, Tetzlaff, & Botter, 2017; Postel & Richter, 2003; Ziv, Baran, Nam, Rodriguez-Iturge, & Levin, 2012) . Understanding the physical processes that modulate the spatiotemporal patterns of river flows is crucial for infrastructure design, water resources management, hydropower production, and to face extreme events such as floods and droughts (Sabo et al., 2010; Widder et al., 2014) . Moreover, the environmental function of riverine ecosystems is strongly affected by streamflow dynamics, which in turn control the potential of rivers to sustain life and the biogeochemical turnover of nutrients and pollutants (Boano et al., 2014; Ceola et al., 2014) . Thus, the study of catchment-scale hydrological processes that drive spatial patterns of flow regimes has important implications to understand geomorphoclimatic legacies on physical and biogeochemical functioning of rivers.
Spatial and temporal patterns of flow regimes can hardly be obtained from direct measurements. A limited number of sites are provided with streamgauges, and flow dynamics are generally unknown at most locations along river networks (Razavi & Coulibaly, 2013; Sivapalan et al., 2003) . Especially where economical restrictions constrain the monitoring of hydrological variables, the lack of direct discharge information poses serious limitations to the optimal management of water resources and to the development of floods and droughts mitigation strategies (Hrachowitz et al., 2013) .
Different approaches have been developed in the literature to cope with the need for flow regimes estimates in ungauged areas (Blöschl, Sivapalan, Wagener, Viglione, & Savenije, 2013) . The concept of regionalization consists in defining suitable regions of the landscape (or group of catchments) that are expected to share similar hydrological features (e.g., discharge time series, flow statistics, recession rates, and seasonality). These regions are assumed to be homogeneous in terms of the geomorphoclimatic characteristics that are deemed critical for the considered hydrological signature. In such approaches, gauged sites (i.e., locations where discharge is recorded) are necessary to identify the relationship between hydrological response and catchment attributes. This is usually done by defining empirical correlations between calibrated model parameters (or run-off signatures) and physiographic characteristics at gauged sites (Kiang, Stewart, Archfield, Osborne, & Eng, 2013; Merz & Blöschl, 2004; Pugliese, Farmer, Castellarin, Archfield, & Vogel, 2016) . Such relationships are then extended to catchments where the physical attributes are known but corresponding flow records are not available. Despite the flexibility of these methods, statistical correlations emerging from regression-based approaches overlook the causal link between geomorphoclimatic attributes and catchment response. The results of statistical methods might thus be difficult to interpret in terms of hydrological functioning. The weak correlations that are frequently observed between catchment characteristics and run-off responses also suggest that critical descriptors are often missing (Merz & Blöschl, 2004; Oudin et al., 2008) . Moreover, colinearities and spurious correlations emerging from the complex nature of hydrological processes can hinder mechanistic dependencies between the covariates and challenge the physical interpretation of hydrological systems. In fact, regression-based methods do not allow to causally disentangle climatic from landscape contributions to the hydrological response of river basins and are problematic in case of nonstationary conditions (Müller & Thompson, 2016) .
As an alternative to regression methods, the concept of proximity has been widely used in regionalization practices. The approach relies on the definition of distance metrics to quantify differences between geomorphoclimatic attributes of catchments. Catchments that are close to each other in the attributes space are assumed to be similar, and thus they are assigned to hydrologically homogeneous regions (He, Bardossy, & Zehe, 2011; Wagener, Sivapalan, Troch, & Woods, 2007 ). The hypothesis is that similar catchments in terms of the selected set of attributes will also be similar in terms of hydrological functioning. A common approach to group catchments into homogeneous clusters (i.e., regions) is by maximizing the inter-cluster variance while minimizing the intra-cluster variability (Ganora, Claps, Laio, & Viglione, 2009; Rao & Srinivas, 2006; RubioAlvarez & McPhee, 2010) .
Principal components analysis can be used to define new orthogonal combinations of catchment attributes, which can be employed to better describe inter-catchment heterogeneity and facilitate catchment classification (Chiang, Tsay, & Nix, 2002) . Cluster and principal components analysis, despite being powerful statistical tools, are subjected to some degree of arbitrarity, and their application could be limited by practical constraints. The threshold above which inter-catchment distances in the attribute space become too large (thereby demanding a new region to be added) cannot be objectively derived on mechanistic principles, and it is often arbitrarily set. Moreover, the choice and the number of physiographic attributes that are assumed to explain the inter-catchment variability of hydrological response might be biased or simply limited by data availability (Arsenault & Brisette, 2016; Oudin et al., 2008) . Regression and proximity-based methods usually perform better in regions where catchments are homogeneous in terms of their hydrological functioning. At larger scales, spatiotemporal changes in the dominant hydrological processes driving run-off dynamics might require the use of alternative sets of physiographic descriptors for specific catchments (or during certain seasons). In these cases, the challenge of identifying consistent and representative attributes valid for the entire set of study catchments makes the application of the method problematic (Arsenault & Brisette, 2016; Oudin, Kay, Andreassian, & Perrin, 2010) .
Regionalization methods based on geographical distance can be considered as a special case of proximity-based methods. These methods probably represent the oldest and yet the most widely used procedure to quickly and inexpensively identify hydrologically similar locations (Blöschl, 2005; Mohamoud, 2010; Vandewiele, Xu, & Huybrechts, 1991) . In this vein, daily streamflow time series at ungauged locations can be estimated by importing normalized streamflow records from the closest gauged catchment (Hirsch, 1979; Smakhtin, 1999) . In general, functional similarity is not necessarily entailed by spatial proximity (Ali, Tetzlaff, Soulsby, Mcdonnell, & Capell, 2012) , and in some circumstances, nearby sites can display significant differences in terms of streamflow dynamics. Nevertheless, spatial proximity can be efficiently used as a proxy of hydrological similarity in a wide range of geomorphoclimatic conditions, as it often outperforms regionalization based on physiographic similarity or regressions (Merz & Blöschl, 2004; Oudin et al., 2010) . Indeed, streamflows are controlled by processes that are strongly autocorrelated in space, and geographical distance can implicitly account for the (often unknown) smooth spatial variability of hydrological features and climatic forcing (Blöschl, 2005) .
Autocorrelation of geomorphoclimatic variables is the foundation of geostatistical methods in hydrology. Geostatistics aim to reproduce the spatial variability of geophysical variables by accounting for their autocorrelation structure through empirical variograms (Bourges, Mari, & Jeannee, 2011; De Marsily, 1986; Dowd, 1991; Ly, Charles, & Degre, 2012) . From the first attempts to spatially extend pointwise observations using interpolation techniques with different weighting schemes (e.g., linear interpolation and inverse distances), to more sophisticated unbiased methods (e.g., kriging), geostatistical techniques have provided valuable support to spatial analysis in hydrology. To better estimate the spatial distribution of flow-related variables, geostatistical techniques were additionally developed that explicitly account for the topological arrangement of catchments along a drainage network (Archfield, Pugliese, Castellarin, Skien, & Kiang, 2013; Muller & Thompson, 2015; Skøjen, Merz, & Blöschl, 2006) . These methods account for the shape and structure of river systems and thus they can significantly improve hydrological predictions of common kriging schemes.
Despite statistical and geostatistical techniques generally succeed in densely monitored settings, their use in sparsely gauged areas remains problematic due to data requirements (Archfield & Vogel 2010; Parajka, Merz, & Blöschl, 2005) . Similarly to statistical approaches, geostatistical methods are sensitive to the quality of the available data, and they are extremely data intensive . Furthermore, computational requirements can limit large-scale applications of more sophisticated geostatistical techniques (Müller & Thompson, 2015) .
Physically-based classification frameworks based on similarity of hydrological functions are a key means to assess the dominant controls of water movement across the landscape (e.g., Doulatyari et al., 2017; McDonnell & Woods, 2004) . In particular, classification can help understanding catchment hydrological functioning by linking similarities of catchment responses to specific geomorphoclimatic attributes (Berghuijs, Sivapalan, Woods, & Savenije, 2014; Botter, Basso, Rodriguez-Iturbe, & Rinaldo, 2013) . Despite this, currently available classification frameworks fall short of providing a comprehensive picture of hydrological response patterns in relation to the physical similarities between catchment-scale processes (Hrachowitz et al., 2013) .
Statistically-based prediction of streamflow correlation shows potential for the identification of index streamgauges in poorly gauged locations Yuan, 2013) . However, the few studies that consider correlation as an index of hydrological similarity focus on specific regions. Additionally, the statistical nature of these methods prevents a mechanistic interpretation of the processes underlying spatial patterns of streamflow dynamics. On the other hand, mechanistic approaches to catchment response can reduce the gap in understanding the link between river dynamics and hydrological forcings (Doulatyari et al., 2015; Duan et al., 2006) . As a consequence, physically-based methods are necessary to improve model predictions, especially in settings where data is scarce or in cases where strong geomorphoclimatic gradients are observed.
This study explores on a large scale the use of cross-correlation between pairs of streamflow time series as a metric of hydrological similarity. A recently developed physically-based model that accounts for the probabilistic nature of joint streamflow dynamics at two river sections (Betterle, Radny, Schirmer, & Botter, 2017; ) is used to estimate 340,000 inter-catchment seasonal streamflow correlations at 413 catchments of the MOPEX dataset.
The model relies on a limited number of parameters and on a set of simple mechanistic hypothesis concerning catchment responses to link the spatial variability of streamflow dynamics to the underlying heterogeneity of catchment-scale hydrological and climatic drivers. Specifically, the model application presented in this paper is used to address the following research questions:
• Can model predictions of streamflow correlation across strong physiographic gradients help us understanding catchment hydrological functioning?
• Are intra-annual dynamics of streamflow correlation relevant?
Can they be explicitly accounted for by considering seasonally variable meteorological inputs?
• Can the information embedded in the correlation between river flows be efficiently used to identify catchments with similar hydrographs? What are the emerging properties shared by catchments that experience analogous hydroclimatic forcings that make them hydrologically similar?
• How does correlation perform with respect to spatial proximity in the identification of reference streamgauges (i.e., stations where discharge data are available that can be associated to ungauged locations)? What is the effect of streamgauges density on the performance of distance-based and correlation-based methods in the selection of reference streamgauges?
The reminder of this paper is organized as follows. Sections 2 and 3 introduce the analytical model and two alternative methods to estimate model parameters. The study sites are presented in Section 4. The performance metrics introduced in Section 5 will be used in Section 6 to evaluate the model predictions, and in Section 7 to explore the relationship between streamflow correlation and hydrological similarity. Section 8 shows how model estimates of streamflow correlation compared with spatial proximity in the identification of sites having analogous streamflow dynamics. Section 9 analyses streamgauge density as a critical constraint to identify catchments sharing similar hydrologic responses. Discussion and conclusion close the paper.
METHODS
This study takes advantage of a parsimonious probabilistic description of joint streamflow dynamics at arbitrary pairs of catchment outlets. The method, which is designed to statistically characterize the spatial variability of river flows, relies on a stochastic representation of specific (i.e., mm/day) streamflow dynamics (Botter, Porporato, Rodriguez-Iturbe, & Rinaldo, 2007; Doulatyari et al., 2017) . The Pearson correlation between synchronous daily streamflow time series at two river sites is expressed as a function of a limited number of hydroclimatic parameters . The method is suited to describe the hydrological response of catchments whose streamflow dynamics are directly driven by intermittent precipitation and where the effects of water storages (snow and lakes), anthropogenic activities or inter-seasonal carryover effects can be neglected. The model also assumes that streamflow propagation time in the channel network is negligible compared with the hillslope response time, an assumption best suited for catchments with sizes up to about 10, 000 km 2 (Botter & Rinaldo, 2003; Robinson & Sivapalan, 1997 (Laio, Porporato, Ridolfi, & Rodriguez-Iturbe, 2001 ). This formulation implicitly includes the interplay of stochastic rainfall and catchment-scale soil moisture dynamics (Botter et al., 2007; Porporato, Daly, & Rodriguez-Iturbe, 2004 ).
The analytical characterization of streamflow spatial correlation requires the joint streamflow dynamics at two catchment outlets to be specified. When a generic pair of outlets is concerned, effective rainfall events can be divided into two independent classes: joint and disjoint 
where the subscript i identifies one of the two sites, 12 refers to joint events, t denotes the total sequence of events (joint and disjoint), and ⟨q i ⟩ (mm/day) is the mean daily specific discharge during the considered season. The joint streamflow process at the two sites is described in probabilistic terms by the Master Equation for the joint probability density function of q 1 and q 2 . From the steady-state solution of the Master Equation the following analytical expressions for the streamflow correlation are obtained :
In Equations 3 and 4, r is the correlation between the intensities of joint effective rainfall events and k 1 and k 2 are the recession rates in the two catchments (for a comprehensive summary of the model parameters, the reader is referred to table 1 in Betterle, Radny, et al., 2017) . Equations 3 and 4 differ in the probability distributions assigned to the intensities of effective rainfall events. Equation (3) assumes that joint and disjoint events are characterized by the same exponential distribution of intensities, whereas Equation (4) share a relatively high number of joint effective rainfall events (relative to the total number of effective rainfall events). Furthermore, the larger and more correlated the intensities of joint events are with respect to the intensities of the disjoint events, the more correlated the streamflow time series will be. Finally, Equations 3 and 4 show that flow correlation is higher when the recession rates of the two catchments are relatively homogeneous. For a comprehensive analysis of the analytical solutions and of the sensitivity of streamflow correlation to the physical processes represented by the different model parameters, the reader is directed to .
ESTIMATION OF MODEL PARAMETERS
In this paper, two alternative methods have been adopted to estimate model parameters. The first is based on rainfall data only, whereas the second relies on discharge records. The rainfall-based method requires robust estimates of synchronous daily rainfall records in the contributing catchments. Only daily rainfall fields and catchment boundaries are required to estimate model parameters in this case.
Catchment boundaries can be extracted from widespread available digital terrain models, whereas daily rainfall fields can be obtained (or computed) based on pointwise rain measurements, ground radar or satellite sensors. In the rainfall-based estimation of model parameters, the relative frequency and intensity of joint rainfall events (with respect to the total frequency and intensity of rainfall) is assumed to be the same as the relative frequency and intensity of effective rainfall (i.e., the streamflow-producing rain events). The two terms are as follows:
in Equations 3 and 4 are therefore estimated based on the corresponding frequency and intensities of rainfall events. Consequently, it , 12 , and i are in this case the average seasonal frequency of total, joint, and disjoint rainfall events (computed as a ratio between the number or rainy days and the length of the available rainfall records). The frequency of rainfall is generally higher than the frequency of effective rainfall because a fraction of the incoming rainfall is normally buffered by the soil moisture dynamics in the root zones and does not appear as streamflow. However, the assumption behind the rainfall-based estimation of the model parameters is rooted in the idea that the relative frequency and intensity of simultaneous run-off events is mainly controlled by the joint rainfall dynamics in the two catchments . Additionally, as reliable estimates of catchment drainage rates in absence of direct streamflow measurements are problematic (Biswal & Marani, 2014; Doulatyari et al., 2015) , and considering that moderate inter-catchment heterogeneity in recession properties bear a limited impact on the spatial correlation of streamflows , as a first approximation it is assumed that 2 √ k 1 k 2 ∕(k 1 + k 2 ) = 1 in Equations 3 and 4. The assumption implies the recession rates to be the same in the two catchments (i.e., k 1 = k 2 ). In this case, no additional assumptions are required on recession properties since the recession-related factor disappears from Equations 3 and 4 (it equals 1). Because reliable estimates of daily rainfall records are often available in most regions of the world, the model with rainfall-estimated parameters can be used to predict streamflow correlation between arbitrary pairs of sites along river networks in most settings. The method is computationally inexpensive and does not need calibration over observed discharge data.
When streamflow records are available, the frequency and intensities of effective rainfall events can be inferred from the frequency and magnitude of the flow increments observed in the hydrographs.
Streamflow increments are, according to the adopted formulation, the catchment response to an effective rainfall event. The frequency of total, joint, and disjoint effective rainfall events ( it , 12 , and i ) can therefore be computed based on the number of total, joint, and disjoint jumps observed in synchronous daily streamflow records at the two outlets. Similarly, the average effective rainfall intensities can be evaluated from the magnitude of the corresponding streamflow increments Δq(t). Because the model assumes exponential recessions, the depth of each effective rainfall pulse h(t) can be evaluated as h(t) = Δq(t)∕k (see, e.g., equation (1) in and equation (4) in Botter et al. (2007) , and i ). Additionally, r is computed as the Pearson correlation coefficient between the joint effective rainfall depths in the two catchments. Finally, recession analysis is used to evaluate k 1 and k 2 . The drainage rates are estimated by fitting linear regressions between values of dq i (t)∕dt and q i (t) extracted from the descending limbs of the observed hydrograph at each outlet i (Basso, Frascati, Marani, Schirmer, & Botter, 2015; Ceola et al., 2010; Dralle, Karst, & Thompson, 2015) .
STUDY SITES AND HYDROLOGICAL DATA
A detailed model testing on a statistically significant number of geomorphoclimatically heterogeneous basins is paramount for model benchmarking and for an improved process understanding . In large-scale applications, insights on regionspecific hydrological features are shifted to general catchment functioning, thereby allowing the identification of fundamental processes (Andreassian et al., 2006) . In this study, the analyses have been performed on the study catchments included in the MOPEX dataset (Schaake, Cong, & Duan, 2006 ; http://www.nws.noaa.gov/ ohd/mopex/mo_datasets.htm). The dataset includes 438 catchments slightly affected by anthropogenic activities and major impoundments.
From the original MOPEX dataset, 23 sites have been removed due to large gaps in their streamflow and/or precipitation records. Other two sites were additionally excluded from the analyses because they were found to include large artificial reservoirs that were constructed during the period of record. The remaining 413 study sites feature up to 56 years of synchronous precipitation and streamflow records (period: 1948-2003 . The quality of precipitation data is critical for parameter estimation in most hydrological models . The MOPEX sites fulfil an empirical criterion prescribing a minimum density of rainfall gauges within each catchment, which ensures reliable estimates of spatially averaged daily precipitations (Schaake, Duan, Smith, & Koren, 2000) .
The maps in Figure 1 show the distribution of the 413 study sites, which span across the entire contiguous United States and feature a wide variety of sizes, morphologies, and geomorphoclimatic conditions. Across the study area, complex climatic patterns emerge from the spatial variability of precipitation and evapotranspiration conditions, which are in turn affected by the strong elevation gradients.
Inter-seasonal differences of wetness conditions in combination with heterogeneous land covers are additionally expected to bear a significant contribution to the variability of the hydrological response of the study catchments. The boxplots in Figure 1 further highlight how the main physical characteristics of the study sites range across several orders of magnitude.
PERFORMANCE METRICS AND INDEXES OF SIMILARITY
Model performances are evaluated by comparing Equations (3) and (4) with the observed correlation, meas . The measured Pearson correlation between the discharge records at each couple of outlet is computed as follows:
The 413 study catchments display a wide variety of geomorphoclimatic conditions. Inter-catchment differences in terms of catchment sizes, shapes, topological arrangement (i.e., nested vs. non-nested catchments), and morphology suggest enhanced differences in hydrological responses. The maps show: (a) distribution and delineation of the study catchments; (b) seasonality (defined as
where p s (p a ) and PET s (PET a ) are the average seasonal (and annual) precipitation and potential evapotranspiration depths; (c) elevation; (d) annual aridity (defined as PET a ∕p a ); and (e) land cover. The boxplots in panel (f) summarizes the distribution of the main physical descriptors of the study sites
where q i (j) is the specific discharge (mm/day) during the jth day, and ⟨q i ⟩ denotes the mean seasonal discharge in catchment i.
Additionally, in order to estimate the similarity of flow regimes between pairs of outlets, two similarity indexes are used. The first index quantifies the difference between normalized flow duration curves (FDCs). FDCs represent the exceedance probability of a discharge value during a reference time period. The exceedance probability is obtained empirically by summing the number of days having discharge larger than q, divided by the total number of days considered.
Seasonal FDCs effectively represent the variability of streamflow in the frequency domain and the consequent water availability during a season (Vogel & Fennessey, 1995) . Given two river sites, it is possible to quantify the differences between their seasonal flow statistics by defining a measure of distance between their observed FDCs (Ganora et al., 2009; Pugliese et al., 2014) . At a given streamflow exceedance probability P, the distance 12 between two FDCs can be expressed as the difference between the corresponding normalized discharge (q(P)∕ ⟨q⟩) as follows:
The smaller 12 , the more similar the flows observed at the two river locations for the considered exceedance probability.
The second index, instead, is based on the concept of Nash-Sutcliffe efficiency (NSE). The NSE is a synthetic indicator of similarity between discharge time series (Nash & Sutcliffe, 1970) . In case where normalized discharges are concerned, NSE can be expressed as follows:
Without loss of generality, in Equation (9), the Site 1 is chosen as reference. NSE decreases from 1 to −∞ as the similarity between the streamflow time series decreases. The NSE is often used to compare predictions of rainfall-run-off models with observed streamflow records at a river section. In this study, NSE is used to quantify the error associated to exporting streamflow time series from one site to another.
CONTINENTAL-SCALE PREDICTION OF SEASONAL STREAMFLOW CORRELATION
The analytical model is applied to reproduce the observed correlation between daily streamflow time series at the outlets of the 413 MOPEX sites. The analysis is performed for each possible pair of study sites at seasonal times-scale, resulting in more than 340,000 pairs of synchronous streamflow time series. Seasons are defined based on fixed calendar dates as follows: spring (March, April, and May); summer (June, July, and August); autumn (September, October, and November); and winter (December, January, and February).
6.1
Model performance Therefore, estimating model parameters from discharge data allows the relevant hydrological processes responsible for run-off formation and drainage to be accounted for, and model parameters to be better constrained. On the other hand, rainfall time series provide more limited information on hydrological dynamics as they represent only the primary input of the water cycle. The additional assumptions concerning the rainfall-based estimation procedure of model parameters (see Section 3) might also be responsible for the higher scattering and lower model performances in Figure 2a . In particular, overestimations of the relative frequencies and correlations of joint effective rainfall events might cause the overestimation of streamflow correlation when all parameters are estimated just relying on rainfall records . Nevertheless, in Figure 2a , the observed variability of streamflow spatial correlation is reasonably captured by the model, especially for high correlations. As discussed in the following sections, the identification of strongly correlated catchments outlets is critical for process understanding and engineering purposes. A proper characterization of common features in the hydrological responses of ungauged catchments is indeed important to identify functional similarities useful for regionalization methods Hrachowitz et al., 2013; Sivapalan et al., 2003) . Therefore, the reduced performance of the model to capture low or negative correlations is of minor concern for practical applications, which are typically focused on similarities of streamflow dynamics. As the paper mainly focuses on the prediction in ungauged sections, the reminder of this study will only consider Equation (3) with rainfall-estimated model parameters, unless otherwise specified.
Physical drivers of streamflow correlation
The effect on streamflow correlation played by each physical process for the catchment recession rates, respectively . By independently considering the frequency distribution of each single factor across the study sites, it is possible to evaluate how the corresponding process affects streamflow correlation in the study region. In particular, the more and more often a factor approaches 0, the more the corresponding process is responsible for a loss of streamflow correlation. properties. The low sensitivity of F k to small to moderate differences between k 1 and k 2 that emerges from Figure 3 explains the reasonable model performances when inter-catchment heterogeneity of recession rates is neglected (i.e., F k = 1; Figure 2a ).
Seasonal dynamics of streamflow correlation
The scatterplots in Figure and solar radiation). Interestingly, the deviation is especially evident during summer, suggesting the effect of late snow melting in some cases. Anticorrelated streamflow time series on the other hand are possibly related to snow melting affecting only one of the two catchments. In these cases, long recessions corresponding to dry conditions at one catchment are associated with increasing melting-driven discharges at the other outlet. Additionally, Figure 4 suggests that higher run-off coefficients increase streamflow correlation, as correlation is larger during wet seasons (i.e., winter and spring). Figure 5 shows that streamflow correlation decreases as inter-catchment distance increases. As expected, reflects the autocorrelation structure of the hydrological variables underlying streamflow dynamics (e.g., climate, morphology, and land cover), which vary smoothly in space. However, spatial proximity does not explicitly account for the physical process controlling the hydrological cycle and the resulting streamflow dynamics. The inset in Figure 5a shows that, despite streamflow correlation decreases-on average-as inter-catchment distance increases, pairs of sites at the same distance can span a wide range of correlations, even if they are relatively close to each other (inter-catchment distance <50 km).
Streamflow correlation and geographical distance
If the effect of seasonality is included in the relation between catchment distance and streamflow correlation, it can be noted how a consistent contribution to the variability observed in Figure 5a is due to unsteady correlations between river flows over the year. Significant seasonal dynamics of streamflow correlation patterns can in fact be observed in Figure 5b -e, where the extension and retreat of the correlation range is highlighted across seasons.
Neighbouring catchments may thus be characterized by significantly heterogeneous streamflow dynamics, thereby implying that distance might not always be a reliable index of hydrological similarity.
On the other hand, physically-based methods of the type proposed in this study can be extremely useful to interpret the spatiotemporal variability of hydrological responses, especially when strong geomorphoclimatic gradients or large spatial scales are involved.
STREAMFLOW CORRELATION: A METRIC FOR HYDROLOGICAL SIMILARITY
Unlike inter-catchment distance, correlation is a normalized index with a limited range of variability (say [ − 1, 1]). Physically-based estimates of streamflow correlation can thus provide valuable insights about streamflow similarity at different locations, and they can be used to classify and compare catchments based on their hydrological response.
In this section, the relationship between streamflow correlation and inter-catchment hydrological responses are explored. In particular, we aim at assessing the relationship between streamflow correlation and:
(a) seasonal FDCs, (b) mean seasonal flows, (c) flow variability, (d) FIGURE 5 Streamflow correlation generally decreases as inter-catchment distance increases. Nevertheless, the complex geomorphoclimatic heterogeneity of the study sites and the spatial variability of hydroclimatic processes result in consistent scattering (even at a short scale). Seasonal dynamics of the correlation range between river flows introduces additional variability in the relation between distance and . Distances are computed between the centre of mass of the catchments catchment response rates, and (e) hydrographs. In particular, it is shown how model predictions of (Section 6.1) can be used -in absence of discharge data -to identify river sites characterized by similar streamflow characteristics across a wide range of geomorphoclimatic conditions.
7.1
Relationship between streamflow correlation and flow statistics Figure 8 show that model estimates of streamflow correlation can be used to identify pairs of sites having analogous flow regimes (in terms of relative streamflow variability).
FIGURE 6
Up: Distribution of the exceedance frequency of the differences between normalized seasonal streamflows at couples of sites. Sites are aggregated based on their expected streamflow correlation. As model estimates of streamflow correlation decreases, inter-catchment differences in observed streamflow distributions increase (i.e., larger differences between the corresponding flow duration curves). Down: example of representative streamflow probability density functions (PDFs) for decreasing values of modelled correlations. From higher to lower correlations, data correspond to the following pairs of sites (USGS id) during autumn: 3451500 vs. 3448000; 01048000 vs. 01197500; 03136000 vs. 11497500 
Relationship between streamflow correlation and flow dynamics
In what follows, we investigate to what extent streamflow correlation bears significant information on the discharge dynamics of two catchments. Although highly correlated signals are not necessarily similar, the results reported in Figures 6 -9 suggest that analogies in (Figure 2) , the model appears suited to identify pairs of outlets having similar streamflow dynamics (if meas > 0.9, then ⟨NSE⟩ > 0.8). In particular, the function NSE( ) has an upper parabolic limit, which highlights the intrinsic relationship between the two metrics (Gupta, Kling, Yilmaz, & Martinez, 2009; McCuen, Knight, & Cutter, 2006; Weglarczyk, 1998) .
In fact, if the residuals (q 1 − q 2 ) have zero average (non-systematically biased) and are uncorrelated with q 1 and q 2 (not conditionally biased), is equivalent to √ NSE. The two metrics become strongly related as increases because of the lack of systematic and conditional bias that results from the similarity of ⟨q⟩ and CV(q) at highly correlated sites (Figures 7 and 8 ).
PREDICTION OF THE HYDROLOGIC RESPONSE USING CORRELATION AND DISTANCE
Reference streamgauges are typically used to export hydrological information to target ungauged locations. The identification of reference streamgauges is therefore a key step for the estimation of flow characteristics where hydrologic information is required. In this section, the model predictions of streamflow correlation obtained in absence of discharge data are used to identify highly correlated outlets that are eligible as reference streamgauges for all the MOPEX sites selected in this study. The method is compared with spatial proximity. Both methods are applied to the 413 MOPEX sites, assuming each catchment in turn to be ungauged. In our exercise, at the target site, streamflow data are assumed to be unavailable and only daily rainfall depths (spatially averaged over the upstream contributing area) are assumed to be known. Streamflow and precipitation time series are assumed to be known across the remaining sites.
A leave-one-out cross-validations procedure is then performed. The model with rainfall-estimated parameters (see Section 6) is recursively used to predict the seasonal streamflow correlation between each single target site and all the remaining 412 outlets. The outlet having the optimal donor sites when using model estimates of streamflow correlation. In particular, the use of observed correlation can help assessing if poor performances of the proposed framework are related to the underlying model hypothesis and estimates of the parameters, or if they are rather a consequence of the inability of streamflow correlation to be a sound proxy for hydrological similarity. To evaluate how similar the streamflow dynamics are in the donor and target site, the corresponding normalized streamflow time series (q 1 (t)∕ ⟨q 1 ⟩ , q 2 (t)∕ ⟨q 2 ⟩) measured during individual seasons are compared.
Performance of correlation-based regionalization of flow dynamics
The boxplot in Figure 11 shows the NSE between the measured streamflow time series at the donor and target outlets for the three methods adopted to identify the optimal donor (i.e., maximum modelled correlation, minimum inter-catchment distance, and maximum measured correlation). The NSE distribution in case of pairs of catchments featuring the highest NSE between their observed streamflow records is additionally shown in transparency (grey quartiles). This represents the upper limit achievable in terms of regionalization performances when exporting normalized streamflow records from a gauged to an ungauged site, given the set of catchments available in the MOPEX database.
The comparison of the median values of NSE obtained with the different selection criteria shows that, during all seasons, the observed streamflow dynamics are satisfactory reproduced by the normalized streamflow time series at the most correlated outlet. The analytical model, despite its simplicity and parsimony in terms of data requirements, seems to capture the main processes controlling spatial patterns of flow dynamics across the entire United States.
The distance-based criterion also provides acceptable performances.
Nevertheless, during all seasons performances are systematically lower than those provided by the correlation-based analytical approach. This is especially true in the wettest periods (spring and winter), whereas in summer (the driest season) the two methods provide comparable performances. As noted in Section 6.3, the performances of the analytical model during summer are likely impacted by snowmelt. Snow melting processes are not included in the analytical formulation, and they might be strongly autocorrelated in space. Thus, similarity of flow regimes impacted by snow melting could be better captured by spatial proximity. Figure 11 also highlights the more skewed distribution of NSE towards lower values of performances when distance-based selection criterion is used, thereby implying that in a relevant number of cases geographical distance is significantly outperformed by the correlation-based method.
The seasonal dynamics of streamflow correlation can be analysed looking at the fluctuations of the NSE (shaded grey quantiles in the four boxes in Figure 11 ). In particular, streamflow dynamics are spatially more heterogeneous (lower median NSE) with a higher inter-catchment variability in the dry seasons (autumn and summer).
During spring and winter, on the other hand, the inter-catchment variability of NSE is lower, and the distribution shifts upward indicating more similar flow dynamics across space. The boxplot in Figure 11 finally shows that, when reference streamgauges are identified by maximizing the observed correlation with a target site, the resulting distribution of NSE approaches its upper limit. This suggests that the most correlated sites in the MOPEX database are also the most similar in terms of NSE. Therefore, streamflow correlation represents a sound indicator of similarity for streamflow dynamics.
8.2
When, where, and how much does correlation outperforms spatial proximity for streamflow regionalization? Figure 12 compares the correlation-based versus the distance-based methods for the selection of a reference stream gauges at each individual site. Green and red marks correspond to target sites whose reference streamgauge selected with the two methods differs. A green dot is assigned to sites having the higher NSE with the most correlated donor outlet. On the other hand, a red dot is assigned to sites having the higher NSE with the closest outlet. The size of the mark additionally informs on the relative improvement in terms of NSE that the best performing selection criteria provides compared to the other. In the remaining cases (grey dots), the two criteria either identify the same donor site, or they are both unable to identify a suitable donor (NSE < 0). The analysis is performed at seasonal FIGURE 11 Seasonal comparison of the Nash-Sutcliffe efficiency (NSE) between streamflows time series at target-donor sites. Each study outlet is in turn assumed as ungauged (target site) and a potential reference donor site is identified by means of different criteria: (a) maximizing model prediction of streamflow correlation (green); (b) minimizing inter-catchment distance (red); and (c) maximizing observed streamflow correlation (blue). When catchments are paired with the ones providing the maximum NSE, the ensuing distribution is represented by the grey shaded boxes. The labels at the bottom of the plot denote the limits of the lower whiskers. Model prediction of streamflow correlation systematically over performs geographic distance in the identification of reference streamgauges scale and three approaches to identify the reference streamgauge are compared: (a) using the analytical model in absence of discharge data with parameters described as in Section 3; (b) using the analytical model in absence of discharge data but relaxing the hypothesis of homogeneous recession rates (recession rates are assumed to be known from recession analysis (i.e., Equation 3 in the full form is used); and (c) using measured streamflow correlations. Figure 12 shows that, in general, the analytical model outperforms spatial proximity in identifying donor sites in the study area. In some cases, the selection of the most correlated reference streamgauge can dramatically improve the estimates of daily streamflows when compared with the selection of the nearest site (an example is shown in Figure 13 ). Instead, in cases where proximity outperforms modelled correlation, the increase of performance is generally limited.
EFFECT OF STREAMGAUGE DENSITY ON THE SELECTION OF REFERENCE SITES
The performances of regionalization procedures strongly depend on the density of sites where streamflow records and catchments attributes are available (Oudin et al., 2008) . As expected, hydrological prediction in ungauged sites located within densely gauged areas are more robust . In these circumstances, spatial patterns of hydrological forcing can be captured more accurately and the presence of catchment sharing similar attributes is more likely. Despite the relatively large number of sites in the MOPEX dataset, catchment density is rather variable across the study area: the average distance to the closest catchment is 49 ± 41 km (median: 35, max: 218 km). The distance-based approach relies on the hypothesis of smooth spatial variability of hydrological forcing which might become inappropriate as the inter-catchment distance exceeds the integral scale of the relevant hydrological drivers. On the contrary, when explicitly considering the inter-catchment variability of fundamental hydrological drivers (e.g., rainfall), a suitable reference streamgauge can be identified even for relatively larger inter-catchment distances. For example, using estimates of streamflow correlation, a 212 km apart pair of catchments is identified having NSE = 0.84.
FIGURE 12
Each study site is in turn assumed as ungauged and a best reference donor streamgauge is selected. Green/red marks correspond to sites having highest Nash-Sutcliffe efficiency (NSE) with the most correlated/near site. Differences in performances are evaluated in terms of the NSE between the streamflow time series at each pair of donor-target outlets. The size of the marks corresponds to the improvement in NSE provided by the specific selection criterion compared with the other. Grey marks refer to sites where, either the two methods identify the same reference streamgauge, or none of them is able to identify a suitable donor site (NSE < 0)
DISCUSSION
Our results indicate that the proposed framework provides robust predictions of seasonal streamflow correlation at arbitrary locations along river networks, in absence of discharge data and without requiring calibrations (Figure 2 ). The only requirement is the availability of synchronous average daily rainfall records on the upstream drainage areas. The analysis shows that a parsimonious mechanistic description of basic physical processes responsible for streamflow dynamics can be used to identify similarities of river flows across a vast area spanning a wide range of physiographic conditions.
FIGURE 13
Comparison between the streamflow time series at a target outlet (USGS 01512500, Autumn 1957) and at two potential donor sites identified with the proximity and maximum modelled correlation criteria (USGS 01514000 and 01503000, respectively). Based on model estimates of streamflow correlation it is possible to identify a reference outlet having significantly more similar streamflow dynamics to the target outlet (NSE 12 = 0.62, NSE 13 = −6.73) (Dralle, Karst, Charalampous, Veenstra, & Thompson, 2017) . Because streamflow correlation strongly depends on the frequency of effective rainfall events, relationships between streamflow dynamics and recession rates might be observed at highly correlated sites.
Streamflow correlation and hydrological similarity

10.2
Streamflow correlation as a means to classify flow regimes and regionalize hydrological signatures Distribution of the Nash-Sutcliffe efficiency (NSE) (median, 45 and 55 quantiles) between the flows at pairs of catchments coupled based on maximum correlation (model prediction) and minimum geographic distance, inter-catchment distance increases. It becomes more difficult to identify hydrologically similar locations when the density of a streamflow gauging network decreases (i.e., the average distance to the closest gauged site increases). However, model predictions of streamflow correlation systematically outperform spatial proximity in the identification of reference steramgauge to be associated to an arbitrary ungauged location. Differences in the performances of the two methods increase as the density of the gauging network decreases the smoothness of geomorphoclimatic forcing implicitly assumed by spatial proximity can represent a strong limitation for distance-based approaches. Geographic distance additionally, overlooks the variability of run-off dynamics triggered by seasonally switching precipitation mechanisms from frontal to convective. In these cases, heterogeneous catchment responses can be better captured by accounting for the spatial variability of rainfall dynamics. On the other hand, procedures based on rainfall data might be less robust in seasons where the rainfall signature on streamflow dynamics is beclouded by high soil water deficits and evapotranspiration rates. The reduced similarity of streamflow dynamics during autumn and summer (grey quantiles in Figure 11 ) hints to enhanced spatial heterogeneity of run-off dynamics caused by arid conditions. Lower run-off coefficients can increase the effects of inter-catchment heterogeneities in land use/cover, and they can be responsible for the reduced improvement in the performances of the analytical model with rainfall-estimated parameters compared with spatial proximity during summer and autumn. Figure 11 additionally highlights how the most suited donor site in terms of discharge time series (i.e., the site having the highest NSE with the target outlet)
can be accurately identified using measured streamflow correlations.
Although the method would not be applicable in ungauged settings, it emphasizes that poorer performances of the analytical model are related to a combination of the following factors: (a) the effect of snow dynamics, which violate some fundamental hypothesis of the model;
and (b) biased rainfall-based estimates of some model parameters, especially recession rates (F k ≠ 1).
The seasonal variability in the performance of the different classification methods tested in this paper (Figures 11, 12, and 14) encourages the development of dynamical approaches to regionalization problems. In particular, the choice of a static reference streamgauge overlooks seasonally varying run-off dynamics that can be crucial in some catchments during specific seasons ( Figure 5 ). The reference streamgauge for a target location generally changes across seasons and does not necessarily coincide with the closest gauged outlet. Explicitly accounting for the intra-annual dynamics of hydrological processes is therefore paramount for process understanding and catchment classification.
Final remarks and pivotal findings
The good performances provided by the analytical model in reproducing the observed streamflow correlation among the 413 MOPEX sites
shows that the fundamental model assumptions hold across a wide range of geomorphoclimatic characteristics. However, in cases where consistent snowfall is expected, the model should be reformulated to explicitly account for snow accumulation and melting. Additionally, caution should be used when applying the methods presented in this study to settings where significant delays in catchment responses are expected due to relatively large time-scales of the flood wave propagation along the river channel (say, more than 1 day). Time lags caused by inter-catchment differences in channel response properties are not explicitly accounted for by the model and might lead to overestimated correlations. In these cases, similarities in streamflow dynamics might still exist, yet they cannot be expressed in terms of synchronous flow correlation.
Additionally, attention should be paid in defining a minimum depth for daily rainfalls in large catchments. Especially when spatially averaged precipitation fields are used to estimate catchment-scale rainfalls, large number of days having negligible rainfall depths might arise. In case of nested catchments, for example, larger frequencies of rainfall events can lead to overestimated frequencies of joint events and, ultimately, to overestimated streamflow correlations. Nevertheless, setting a threshold on rainfall depth to accounts for canopy interception significantly mitigates this effect.
In summary, the initial research questions can be addressed as follows:
• A clear hierarchy in the physical control of streamflow dynamics emerges from this study. Frequency and intensity of effective rainfall events are the main drivers of streamflow correlation, whereas only substantial inter-catchment differences in drainage rates bear a significant contribution to the spatial correlation of river flows.
• Correlation strength changes significantly among different neighbouring catchments and varies across seasons. The analytical model, by explicitly considering first-order hydrological processes, allows an improved interpretation of similarities in streamflow dynamics and analogies of catchment functioning.
• Correlation of river flows embeds information on a broad spectrum of hydrological signatures: highly correlated catchments share similarities in terms of flow statistics (mean discharge and relative flow variability), catchment response rates and flow dynamics.
• Rainfall-based model predictions of streamflow correlation can be used to identify reference streamgauges more efficiently than spatial proximity. Performances further increase as the density of the available gauged sites decreases.
The good model performances and the insights obtained across a broad variety of physiographic, ecological, and climatic conditions encourage the application of the methods presented in this work to multiple settings. An improved understanding of the spatial patterns of river flows can help a more conscious management of water resources, possibly within an ecologically aware perspective.
CONCLUSIONS
This study provided a large-scale benchmark for the use of spatial correlation as an index of hydrological similarity. Streamflow correlation is shown to be a synthetic and effective indicator quantifying analogies between the hydrological response of two catchments in a broad sense. Correlated outlets in fact share similar hydrological signatures across a wide range of geomorphoclimatic conditions, suggesting the emergence of common hydrological responses in catchments forced by synchronous and intense joint effective rainfall events.
Additionally, a framework is developed which uses model predictions of streamflow correlation-derived in absence of discharge data-to identify hydrologically similar locations. The physically-based stochastic model adopted succeeds in reproducing the observed steady-state seasonal cross-correlation between synchronous daily streamflow time series at arbitrary pairs of catchment outlets across the United
States.
The possibility offered by the model to predict streamflow correlation without requiring discharge data and/or calibration is appealing for the estimate of the hydrological response in ungauged locations.
In particular, the analytical model can be used as a regionalization tool in poorly gauged areas where limited geomorphoclimatic information is available. The advantage of the method is that it explicitly describes how the spatiotemporal variability of basic hydrological drivers affects flow dynamics. This is especially evident in sparsely 
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